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Abstract—Applicability of Artificial Intelligent (AI) and Non-
Orthogonal Multiple Access (NOMA) have drawn remarkable
attraction towards the implementation of 5th Generation (5G)
wireless communication systems. 5G demands significant im-
provements in terms of data rate, throughput, reliability, Quality
of Service (QoS), fairness, Symbol Error Rate (SER), Outage,
reliability and latency as compared to the current standards.
The aforementioned parameters have a critical impact when
applied to the Internet of Thing (IoT). Considering the demand
of high power and energy, we have optimized Energy-Efficiency
(EE) and Radio Frequency Energy Harvesting (RFEH) using
Machine Learning based Genetic Algorithm (MLGA). For the
system integration, we proposed to Built-in Energy Efficient
Modulation based NOMA (BEEM-NOMA). BEEM NOMA is
an energy efficient system that has the capability to prevent the
waste of energy. Combination of BEEM-NOMA with MLGA
further enhances the performance of the system, as proved with
the simulation results in this paper.
Keywords— BEEM-NOMA, cooperative communication, EE,
GLMA, ITS, ML, NOMA, point-to-point communication and RFEH.
I. INTRODUCTION
Non-Orthogonal Multiple Access (NOMA) has earned attention
towards its development as an aspirant of 5G wireless communication
technology. Research shows that it can provide better throughput,
spectral efficiency and minimum latency for a transmission system as
compared to other technologies [1]. In NOMA, the source broadcasts
the supposed signals of all targeted users. For superposition coding
(SC) in power domain NOMA, the source provides comparatively low
power to near user and high power to far users. Each user receives
a summation of all user’s message signal. To decode its signal of
interest, each near user computationally does Successive Interference
Cancellation (SIC). With SIC near user subtract high power signal
of all far users and decode its own signal. For N users, near users
subtract N−1 users’ signals with SIC. Indeed, it increases the system
complexity and requires higher decoding power. Far users consider
near user’s signals as interference and decode their signal.
In the wireless network, permitting Simultaneous Wireless Infor-
mation and Power Transfer (SWIPT) with NOMA encourages the
energy conservation or reuse. Several authors combine SWIPT with
NOMA in different technical ways [1]. In [2], authors presented
a survey with with combination of wireless power transfer (WPT),
SWIPT and NOMA.
Development of Intelligent Transportation System (ITS) for 5G
wireless communication is an ongoing task. Several authors proposed
different algorithm for the implementation of ITS. For parallel
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Fig. 1. An illustration of the genetic algorithm flow chart.
execution, computational experiment and artificial society of ITS
system authors of [3] proposed a parallel transportation management
and control systems (PTMS). Asian Games scenario with social trans-
portation and cloud computing platform was taken into consideration
for (PTMS). For the integration of online sharing of heavy trans-
portation data, analysis and visualization, the authors of [4] proposed
Digital Roadway Interactive Visualization and Evaluation Network
(DRIVE Net). A cyber-physical social system (CPSS) architecture [5]
provides a transition of ITS form technological centered to society
centered scenario. For improving some of the ITS factors, the authors
of [6] have proposed a transport coupling algorithm.
Several authors explored different Machine Learning (ML) tech-
nique for OMA in different scenarios. In [7], the authors have
proposed a ML based clustering algorithm for the optimization of user
clustering and power allocation in mmWave-NOMA. As compared to
brute-force searches, the clustering algorithm’s complexity reduced
with Genetic Algorithm (GA). Authors of [8] suggested ML for
NOMA as a future direction. Proposed Anderson-Darling test in [9]
provided a ML based blind detection of modulation order opportunity
in NOMA interference signals.
GA are grounded on the principles of natural assortment and
natural genetics. The problems with discontinuous variables, mixed
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2continuous discrete variables and non-convex spaces requires op-
timization for the system design [17]. Online linear programming
techniques can be used for such problems; however, they will be
computationally expensive and inefficient. Therefore, the use of GA
will be fruitful. Like natural genetic processes, GA is also based on
reproduction, crossover and mutation. Fig. 1, represents the entire
procedure that need to take place for the implementation of a GA in
the respective optimization problem.
The GA is an appropriate optimization ML method for an uncon-
strained optimization problem. It uses survival-of-the-fittest principle
of nature to maximize the fitness function of the offered problem. A
few authors have worked on MLGA as well. To speed up the process
of selection parameters in [10], the authors have deployed Artificial
Neural Networks (ANN) with GA in optical wireless communication.
The authors of [11] used GA for the optimization of BER in wave-
length division multiplexing (WDM) for four wave-mixing phenom-
ena. The proposed sum-product genetic decoding (SPGD) [12] have
used GA for improving decoding error correction performance of
LDPC codes. To increase the battery lifetime of the Wireless Sensor
Networks (WSN) in [13], the authors used GA with the already
existed Low Energy Adaptive Clustering Hierarchy (LEACH). The
simulation results showed that Genetic-LEACH performs better than
LEACH. For data dissemination, in [14], the authors used GA for
creating energy efficient clusters in WSNs for forwarding data. The
proposed scheme is called intelligent hierarchical clustering. Use of
GA for the controlled intensities of a Multi-Spot Diffusion (MSD)
transmitter has been explored in [15]. The proposed scheme offered
an alternative way to optimize SNR for indoor optical wireless
communication systems. The authors of [16] have explored GA for
the optimization of major parameters in Vivaldi Antenna or ultra-
wideband communication (UWB).
We proposed a technique M-NOMA in [18] for 5G communication
system. It reduces the system complexity especially in terms of
number of SICs to cancel interference with high power signals.
During superposition of different users’ signals, it modulates thus
near users on the real component of the modulation constellation and
far user on the quadrature component of the modulation constellation.
This creates orthogonality between far and near users. Ideally, this
removes interference between near and far users. For N users in a
cell, when N/2 user are near users and N/2 are far users. The near
users performs SIC only N/2− 1 times.
In this paper we have used MLGA with M-NOMA. We study M-
NOMA to improve EE and RFEH. Hence, demonstrates the built-in
capability of EE and RFEH; hence, we named it BEEM-NOMA. An
initial tutorial of BEEM-NOMA is given in [2]. We have optimized
EE, Data Rate (DR) and RFEH for BEEM-NOMA and NOMA
by using MLGA. To the best of our knowledge, this is the first
implementation of MLGA with NOMA.
Rest of the article is structured as follows: Table I provides the
acronyms used in the paper. Section II discusses the system of the
proposed system model graphically and analytically for point to point
and Decode and Forward (DF) cooperative communication. Section
III briefly explains GA with the optimization problem and solution of
EE, R and RFEH with ML. Section IV provides the simulation results
for the optimization of EE and RFEH. Finally section V concludes
the article.
II. SYSTEM MODEL
We have considered an ITS for the implementation of our proposed
system, as shown in Fig. 2. The proposed system is implementable
for one intelligence traffic management source and N legitimate users
(LN ); to simplify our discussion, the system is built using four users.
The four Legitimate users are L1, L2, L3 and L4. d1, d2, d3 and
d4 represents the distance of each user. The separation of distance
shows that users are not equally spaced and d4 > d3 > d2 > d1. In
the same scenario, we do point-to-point and DF communication. For
DF communication, L1 and L2 are in cluster 1 and L3 and L4 are
in cluster 2. Visibly, cluster 1 carries two near users and in cluster 2
there are two far users. In cluster 1, L1 DF the message to L2 and in
TABLE I
LIST OF NOTATIONS
Acroymns Definitions
Ln nth user from N = 1, · · · , k/2, · · · , k
α Coefficient of power allocation for user Ln
αI Coefficient of power allocation for nth user in cluster 1
αQ Coefficient of power allocation for nth user in cluster 2
xMN Superposed signal for user Ln
x Individual signal for each user Mn
d0 Reference distance
dn Distance from source to user Mn
Kn Constant Path Loss factor for user Mn
PRMn total received power of each user at user Mn
PT Total transmit power
PˆT Transmit power from L1
iˆ complex term/ Quadrature component
γ Path Loss exponent
N Total number of users
yMn Total received signal by user Ln
w(t) Additive white Gaussian Noise
σ2 Noise variance
SINR Signal to Interference plus Noise Ratio
ζn SINR for user Mn NOMA
ζMn SINR for user Mn BEEM-NOMA
Rn Data Rate for user Mn NOMA
RMn Data Rate for user Mn BEEM-NOMA
Rsum Sum or total data rate of the system√
g
n
Channel gain for user Mn
gn Channel power gain for user Mn
ηEE Energy-Efficiency
ηeh Energy-Efficiency for harvesting energy
rSR Received signal on the relay
rSD Received signal on the destination
rRS Received signal on the destination, forwarded by the relay
T Time
β Power splitting factor
BEEM-NOMA Built-in Energy Efficient M-NOMA(Proposed technique)
DF Decode Forward
DL Downlink
EE Energy-Efficiency
ITS Intelligent Transportation System
QPSK Quadrature Phase Shift Keying
M-NOMA Modulation based NOMA(Proposed technique)
MRC Maximum Ratio Combine
MLGA Machine Learning Genetic Algorithm
NOMA Non Orthogonal Multiple Access
RFEH Radio Frequency Energy Harvesting
SC Superposition Coding
SER Symbol Error Rate
SIC Successive Interference Cancellation
cluster 2, L3 DF the message to L4. For total (LN ), each cluster can
carry (N/2) users. The total number of users in the system is given
as N = {1, · · · , k/2, · · · , k}. In general each user is considered as
nth user.
The created orthogonality not only benefits system complexity and
interference, it also improves system SER, data rate, throughput, EE
and RFEH. In this paper, our target is to focus on the total system
efficiency and the possible RFEH using BEEM-NOMA. Table II
shows a brief and accurate description of how BEEM-NOMA can
reduce interference and harvest more energy as compared to NOMA.
It also shows that in NOMA, more SIC is required at each user in
cluster 1 in return, it also needs more power. In terms of RFEH,
NOMA needs to split power only for the users where it has to
perform SIC and the same user requires to forward with DF. There
is no interference amongst users of different clusters in BEEM-
NOMA, however, all user in each cluster receives signals of another
cluster’s users as well. It can harvest energy from another cluster’s
users received signals without splitting of power. BEEM-NOMA also
harvests energy from the same cluster’s users by splitting power.
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3TABLE II
DESCRIPTION OF RFEH FOR NOMA AND BEEM-NOMA
Evaluation
stage
Receiving
node
L1 L2 L3 L4
Possible
decoding
NOMA L1, L2, L3 and L4 L2, L3 and L4 L3 and L4 L4
BEEM-NOMA L1 and L2 L2 L3 and L4 L4
Required
SIC
NOMA L2, L3 and L4 L3 and L4 L4 N/A
BEEM-NOMA L2 N/A L4 N/A
Interference
consideration
NOMA No No No With L1, L2 and L3
BEEM-NOMA No No No With L3 only
Harvested
Energy
NOMA Power splitting of
L1, L2, L3 and L4
signals
Power splitting of
L1, L2, L3 and L4
signals
Power splitting of
L1, L2, L3 and L4
signals
Power splitting of
L1, L2, L3 and L4
signals
BEEM-NOMA Power splinting of
L1 and L2 signals
and directly without
power splitting from
L3 and L4 signals
Power splitting of
L1 and L2 signals
and directly without
power splitting from
L3 and L4 signals
Power splitting of
L3 and L4 signals
and directly without
power splitting from
L1 and L2 signals
Power splitting of
L3 and L4 signals
and directly without
power splitting from
L1 and L2 signals
Power 
spliting
Energy harvesting
Information 
Processing
P
1-P
d1
L3
L4
d3
Cluster 2
d4
Information 
Relaying
EH from 
L1 & L2
Information 
Relaying
NOMA Signal Processing
EH from 
L3 & L4 
Information Processing
Power spliting
BEEM-NOMA Signal Processing
L1
Intelligence traffic 
management source
Cluster 1
1-PP
d2L2
Fig. 2. This illustrates the Intelligence Transportation System as an application
of NOMA. Intelligence traffic management source is considered for the signal
transmission in the system. The block diagrams show that in DF transmission
BEEM-NOMA harvests more energy than NOMA.
In DL BEEM-NOMA, the total superposed transmitted signal for
N users by the source can be written as:
xMN (t) =
√
PT (
k
2∑
I=1
√
αIxI(t) +
N∑
Q= k
2
+1
√
αQxQ iˆ(t)). (1)
We can write the power coefficient, α, in BEEM-NOMA as:
α = α1 + · · ·+ αk/2 + · · ·+ αk
=
∑ k
2
I=1
√
αI +
∑k
Q= k
2
+1
√
αQ.
The total received power for each nth user depends on path loss
coefficient.
PTRn(t) = Kn(
d0
dn
)γ
√
PT (
k
2∑
I=1
√
αI +
k∑
Q= k
2
+1
√
αQ iˆ(t)). (2)
The received signal on the nth legitimate user is given as:
yMn(t) = PTRn(t)xn
√
g
n
+ w(t), (3)
where w(t) is the AWGN with zero mean and variance.
For NOMA, the nth user’s Signal to Interference plus Noise Ratio
(SINR) can be written as:
ζn =
αnPTKnd0
γdn
−γgn
(α− αn)PTKnd0γdn−γgn + σ2 . (4)
It is clear from the above equation that each user faces interference
with all other users in NOMA.
In near cluster, the SINR of nth for BEEM-NOMA is given as:
ζMn =
αnPTKnd0
γdn
−γgn
(
∑N
2
I=1αI − αn)PTKnd0γdn−γgn + σ2
. (5)
For BEEM-NOMA, the SINR of user nth in the far user’s cluster
is given as:
ζMn iˆ =
αnPTKnd0
γdn
−γgn
(
∑N
Q=N
2
+1
αI − αn)PTKnd0γdn−γgn + σ2
. (6)
It can be seen from the above equation that each user in BEEM-
NOMA faces interference due to the user in the same cluster only.
It can be seen from (4), (5) and (5) that the interference is higher
in NOMA as compared BEEM-NOMA and there is a noticeable
difference between the interference of each user.
For NOMA, the achievable data rate can be written as:
Rn = log2(1 + ζn). (7)
The achievable data rate for BEEM-NOMA can be written as:
RMn = log2(1 + ζMn). (8)
Noticeably, (7) and (8) show that BEEM-NOMA has a higher
SINR due to comparatively less interference. Therefore, it provides
higher data rate as well.
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4A. Cooperative communication for M-NOMA
For cooperative decode and forward communication in BEEM-
NOMA, L1 assists L2 signal to decode by forwarding the received
signal of L2 from the source. L1 receives signals of all four users.
Due to no interference between L1 and another cluster’s users, L1
only harvest energy from these signal. Also it splits the power from
the received signal of L2 and itself. Portion of the split power is used
for the signal relaying and processing. The remaining portion of the
power can be harvested and used for any other purpose. L2 receives
two signals one from the direct link between the L2 user and the
source and another from L1. L2 combines both signals and obtain
a better quality of signal. Similarly other users in each cluster can
harvest energy. The brief description is given in the block diagram
of Fig. 2 and Table II.
The received signal of user L2 from source to user L1 is given
as:
rSR(t) = xM2
√
PTα2
√
g
1
K1
(
d0
d1
)γ
+ w(t). (9)
The signal received from source to destination L2 is given as:
rSD(t) = xM2
√
PTα2
√
g
2
K2
(
d0
d2
)γ
+ w(t). (10)
The received signal from L1 to L2 is given as:
rRD(t) = xM2
√
PˆT
√
g
12
K12
(
d0
d12
)γ
+ w(t). (11)
The total received signal to noise ratio at L2 is given as:
ζD =
PTα2g2K2d0
γd2
−γg2 + PˆT g12K12d0γd12−γg12
α1PTK2d0
γd2
−γg2 + σ2
. (12)
In the above equations g12, d12 represents the channel coefficient
and the distance between L1 and L2.
Similarly, SINR from at L4 can be computed.
The data rate for DF communication can also be computed using
(8) and (12)
III. IMPLEMENTATION OF GENETIC ALGORITHM WITH
MACHINE LEARNING
In this section we show the optimization of EE and RFEH using
MLGA.
A. Energy Efficiency Optimization Problems
For a better ITS system with M-NOMA, we optimize the Energy-
Efficiency (EE) of the system. For an ITS system it is important
for a system to be highly efficient in terms of energy. The more
computational operation will certainly affect on the system’s EE. The
MLGA optimization will reduce the computational complexity with
least cost and maximised EE. The EE of the system is given as under:
ηEE =
Rsum
PT
=
∑k
n=1 log2(1 + ζMn)
PT
. (13)
EE is directly proportional to the total sum rate of the system.
Hence, we optimize the sum rate Rsum for the optimization of EE.
For the formulation of problem, we have considered four users in a
cell with one source. Based on these the sum data rate maximization
problem can be formulated as
max : Rsum =
k∑
n=1
log2(1 + (ζMn + ζMn iˆ)), (14)
C1 : A(α1, · · · , αk) =
∑k
n=1αn = 1,
C2 : αn > 0, n = {1, · · · , k}
B. Radio Frequency Energy Harvesting Optimization Prob-
lems
To improve the system performance we have formulated optimized
Harvested Energy problem with MLGA for better energy utilization
in ITS M-NOMA. We use the basic formula of harvested energy as
the fitness function of the problem. The formulated problem targets
the maximization of the total Harvested Energy of the system.
In the considered scenario, we have interference amongst the users
which are modulated on the same component only. As mentioned in
the system model, users in cluster 1 are modulated on the same real
component, hence there is an interference between them and similarly
for cluster 2.
The RFEH maximization problem can be formulated as
max : Eh =
ηehPT |g|βT
dγ
, (15)
where ζh is the harvested energy, ηeh is the efficiency for harvested
energy, |g| is the channel power gain, α is the power splitting factor,
T is the time, d is the distance and m is the path loss factor.
s.t.
C1 : A(α1, · · · , αk) =
∑k
n=1αn = 1,
C2 : αn > 0, n = {1, · · · , k}
We have solved this problem with MLGA. During simulation,
GA automatically maximizes the fitness function with respect to the
flat fading channel. In result we get the maximized EE/RFEH/fitness
function.
IV. PERFORMANCE EVALUATION
In this section, we show the simulation results of the system with
and without MLGA. We use NOMA as a benchmark technique. The
simulation results show the comparison between NOMA and BEEM-
NOMA with and without GLMA. We have considered the point to
point and DF cooperative communication.
For simulation, we use Rayleigh flat fading channel, 105 itera-
tions, Bandwidth (BW) = 1 Hz, path loss exponent (γ) = 4, total
transmission power of source is TP = 1W , coefficient of power
allocations are selected by the optimization of MLGA. However, we
have constrained the value according to basic requirement of NOMA
system: α1 +α2 +α3 +α4 = 1. It is extremely convenient and less
complex to use MLGA for the optimization of our system parameters.
Alongside, it improves the overall performance. It calculates the
required parameter by considering all other variables and constants.
The simulation result in Fig. 3 shows the relation between total
EE of the system with the signal to interference plus noise ratio
of the system. For the simulation, we have used MLGA in (13)
with total four users in the cell. However, we can simulate EE for
N number of users as well. The simulation results clearly shows
that BEEM-NOMA is efficient than NOMA. On average, the EE of
BEEM-NOMA is twice than that of NOMA.
The simulation result in Fig. 4 shows the RFEH with respect to
RFEH EE. It shows the comparison between GLMA BEEM-NOMA,
GLMA-NOMA, BEEM-NOMA and NOMA. For simulation we
have used (15), and from results, it is evident that BEEM-NOMA
harvests more energy than NOMA with and without GLMA. This is
to provide the evidence that the RFEH is possible from 0.1 to 0.9 EE.
It also depends on the atmospheric condition, channel and instrument.
The simulation result in Fig. 5 shows the RFEH with respect to
distance. It shows the comparative results between GLMA BEEM-
NOMA, GLMA-NOMA, BEEM-NOMA and NOMA. It is evident
that RFEH decreases with a higher rate with distance. Therefore, it
is best to harvest energy at smaller distances like in ITS. In ITS, the
distance between vehicles is reasonable for RFEH. Hence, RFEH will
be possible to a high extent. It is also noticeable that BEEM-NOMA
is better for RFEH comparatively with and without RFEH.
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Fig. 3. Simulation results for MLGA with NOMA and BEEM-NOMA. We
have used K=4 users, QPSK modulation over relay flat fading channels.
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Fig. 4. Simulation results for RFEH performance using NOMA, and BEEM-
NOMA with and without MLGA. We have used K=4 users, QPSK modulation
over relay fading channels.
V. CONCLUSION
In this paper, we used our proposed technique M-NOMA to
show its built-in EE and RFEH capabilities. Keeping in mind the
capabilities of M-NOMA, we named it BEEM-NOMA. We have
proved by using our explanation through results that BEEM-NOMA
performs better than NOMA. We have also optimized EE and RFEH
by using MLGA. The use of MLGA improves the performance
of both NOMA and BEEM-NOMA. MLGA optimizes the fitness
function largely. Simulation results also show that MLGA improves
the performance of both systems. BEEM-NOMA is suitable for the
implementation in ITS system. ITS system needs an EE system.
Since the system depends on machines like cars, sensors and other
computers. Hence, it need more power. BEEM-NOMA can easily
compete the target. We can further extend this work with ML, in
which the system decides on the spot the point where EE or RFEH is
required. It will further save system power and energy. The proposed
work can also be implemented using other modulation techniques.
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Fig. 5. Simulation results for RFEH performance with respect to distance
using NOMA and BEEM-NOMA. For this simulation we have consider
coefficient of RFEH = 0.6.
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